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Course is related to his research area. International Markets. A transition to neo steady
state. Content will compliment previous term but from a more empirical approach. The list
of topics in the lecture notes are a guide. Actual covered contenet will be a subset of this
list. A reseacrh paper will be comleted by week 11(Monday 26th March 5pm). The tutorial
will be a time for you to work on your project and discussion.

An indepth book is, Campbell, Lo and MackKinlay, the Econometrics of Financial Mar-
kets 2nd ed. Princeton University Press 1997.

1 Time Series Econometrics: A Review

We begin with an overview of time series techniques in econometrics. A time series model
in comparison to a cross sectional model. We have Temporal ordering for time series data
this is the main difference. As the ordering of a dataframe is irrelevant. How do we think
of randomness in the context of time series data? Each datapoint is one realisation of that
event. We may only ever see one true realisation of such event. We focus on modelling the
dependancy of a variable on its own past. For example, how persistent is a shock?

Example 1.1. Static Models

yt = β0 + beta1X + εt (1)

inft = βunempt + εt (2)

Finiti Dsitributed Lag Models

yt = α0 + δ0xt + δ1xt−1 + . . .+ δnxt−n + ε (3)

From equation 3, and setting xt = c + 1 for only one period and it returns to c there
after, we can get the impact multiplier of a shock at time t. yt− yt−1 = δ0. If the shock was
permanant, we would get the long run multiplier δ0 + δ1 + δ3.
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We may also formulate a trend in a random time series variable as

yt = α0 + α1t+ εt, t = 1, 2, . . . (4)

We can interpret α as the change in yt from one period to the next, due to the passage
of time. We ccan exhibit exponential trends by applying transformations to our data. For
example, an exponential trend may be modelled by ln(yt) = α0 + α1t.

This type of transformation is more common in asset prices. To get an idea of what your
data may exhibit, we begin by plotting our variable of interest through time. Transforations
in our data can become more complex such as yt = α0 + α1t+ α2t

2.
If we ignore this possibility of time trended variables, we may find a spurious relationship.

Recall from econometrics, this occurs between unrelated variables appearing to have a strong
linear relationship.

Example 1.2.
ln(invpc) = −.55 + 1.241ln(price) (5)

Yields an R2 = 0.19. and a significant price coefficient. By adding a time trend we can show

ln(invpc) = −.55 + .381ln(price) + 0.0098t (6)

Yields and R2 = 0.3 and shows the improvement which can occire after correct specififcation.

This is an example of omitted variable bias.
We can include a dummy variable for periods of the month for example. This can show

us seasonality.

yt = αdec+ αjan+ . . . (7)

1.1 Types of Time Series Processes

1.1.1 Random Walk

A unit root process as
Yt = Yt−1 + ε (8)

The previous period counts fully in the next period. Can be interpretted as an infinite
memory process, as we can decompose yt all the way back to y0. Where εt is known as white
noise.

We will now iterate backwards to explore the random walk process more.

Yt = Y0 +
t∑

i=1

εi (9)

Getting the first moment yields E[yt] = y0. The mean of rhe process is independent of
time. Looking at the second moment one finds V ar[yt] = tσ2 and V ar[yt−s] = (t − s)σ2.
This means that we can generate an unbiased estimate of the next period’s value, but the
interval of confidence will be meaningless.

The covariance of two random walks Yt, Yt−s depends on the distance between the time
subscripts. Cov[Yt, Yt−s] = (t− s)σ2
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1.1.2 Random Walk With Drift

We can include a time trend with a random walk with the following formulation

Yt = α0 + Yt−1 + εt (10)

In this way, each shock will have a permanent effect which implies it has an infinite memory.
Iterating backwards we may see this

Yt = tα0 + Y0 +
t∑

i=1

εi (11)

1.1.3 Trend Stationary Process

We can have a case where yt grows at a some constant rate but deviates around some trend
line.

yt = (12)

1.1.4 Moving Average Process

MA(q) : yt = µ+ εt + θ1εt−1 + . . .+ θqεt−q (13)

Where we can find the variance and expected value as

var(yt) = σ2 + θ2σ2 (14)

cov(yt, yt−1) = θσ2cov() (15)

The higher the weight on previous observations θ, the higher the variance. This makes sense
as the ε is a white noise process.

1.1.5 Autoregressive Process

This process can exhibit stationary and non-stationary processes depending on the value θ.
An autoregressive process of order p is of the following form

Yt = δ + θ1Yt−1 + . . .+ θpYt−p (16)

Similarly by iterating backwards, we can arrive at the following

Yt =
t−1∑
j=0

θjδ + θtY0 +
t−1∑
j=0

θjεt−j (17)

θ represents the memory of the past effecting current values. We also have weighted
average of iid normal shocks.

∑
θεt−j which is a moving average process in itself. The larger

θ is the more of an effect past shocks will have on todays value.
Computing the first moment one finds,

E[Yt+s] =
t+s−1∑
j=0

θjδ + θt+sY0. (18)
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This shows that the mean is time dependent. What happens to θ term when t → inf.
Consider

lim
t→inf

θt (19)

Eventually for values of |θ| < 1, then we will have

lim
t→inf

=
δ

1− θ
+

inf∑
j=0

θjεt−j (20)

E[ lim
t→inf

] =
δ

1− θ
(21)

From this we can see that this is a mean stationary process. This akin to a steady state
or equilibirum condition in an economic/macro model. This pricing model is used often for
prediciting asset bubbles. Computing the variance one finds

V ar[Yt] =
σ2

1− θ2
(22)

1.1.6 Auto Regressive Moving Average Processes

ARMA models incorporater both AR and MA processes. In this way we can capture both
persistence of the error term leading to serial auto correlation/persistence of shocks and
persistence of previous values. Non linearities may be incorporated into the models discussed
by applying transformations. See textbook: Econometrics of Financial Markets.

1.2 Autocorrelation Functions

We may look at the auto correlation function plots in order to determine the type of model
to use and also the number of lags to include. ACF (k) = ρk. Where k is the number of lags.
It allows how long and how strongly a shock in the process affects the value. The dimensions
of this plot is the number of lags on the x axis and the corresponding correlation between
those lags ρk.

Recall what happens to the autocorrelation of a moving average process . After k lags of
an MA(k) process, the autocorrelation will drop off to zero. This would show up as a sudden
drop in the ACF plot at some point on the x axis. Comparing this with an AR process, the
auto correlation will converge smoothly to zero.

1.3 Forecasting

The most important application of ARMA processes is to make predictions into the future
of the Yt sequence. We assume that the actual data generating process is know (i.e we
know that is is a ARMA(p,q) process) and that current and past realisations of Yt and εt
are known. This is for illustrative purposes. When conducting research, things will be very
different.

First consider and AR(1) process |θ| < 1 and that εt is a white noise process. You may
iterate forward one period to Yt+1δ + θYt + εt + 1 ⇒ δ + θYt. We are predicting the next
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value of the series conditional on all previous information. This information is assumed to
be included in the model in the Yt term.

Et[Yt+j = E[Yt+j|Y0, . . . , Yt, E[Yt+1], . . . E[Yt+j−1] (23)

This estimate would be found by iterativley subbing in Yt until we get to the last known
value of Yt.

1.3.1 Forecast Properties

We may find the forecast error by et(j) = Yt+j − Et[Yt+j]. Note that this is equal to εt+1 in
the case that j = 1. We may find the j−step ahead forecast as

et(j) = εt+j + θεt+j−1 + . . . =

j−1∑
i=0

θiεt+j−i (24)

This is therefore an unbiased estimate as E[e(j)] = 0. Note that, as j increases, so does the
V ar[e(j)].

1.3.2 Forecast Evaluation

Suppose we have two models in which we want to compare to pick the best model. To do
so, we split up our data into a training and test set. This is done in order of occurence. We
can then make predictions in our test set to compute the forecast error for each remaining
observation. Then compute the mean squared prediction error.

Then conduct an F test to see if the difference between the two models to see if the
difference in performance is significant.
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